Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden.
Introduction
The decomposition method developed by Blinder (1973) and Oaxaca (1973) and generalized by Juhn, Murphy, and Pierce (1991) , Neumark (1988) , and Oaxaca and Ransom (1988, 1994) , is a very popular descriptive tool, since it permits the decomposition of the difference in an outcome variable between two groups into a part that is explained by differences in the observed characteristics of these groups and a part that is due to differences in the estimated coefficients. Among other applications, the Blinder-Oaxaca decomposition has been used in numerous studies of wage-differentials between males and females or between different ethnic groups (Altonji and Black 1999) . In these studies, the unexplained part of the decomposition is interpreted as discrimination.
So far, the Blinder-Oaxaca-decomposition and its various generalizations have mainly be used in linear regression models. A decomposition method for models with binary dependent variables has been developed by Fairlie (1999 Fairlie ( , 2003 . In many cases, however, the censoring of outcome variables requires the estimation of limited dependent variable models. In such situations, OLS might yield in inconsistent parameter estimates and in turn misleading decomposition results. This paper aims at providing a solution to this problem by deriving a decomposition method for Tobit-models. To illustrate this method, we apply it to the gender wage gap using German data.
Blinder-Oaxaca Decomposition for Tobit Models
Consider the following linear regression model, which is estimated separately for the
1 for i = 1, ..., N g , and g N g = N . For these models, Blinder (1973) and Oaxaca (1973) propose the decomposition
where
refers to the conditional expectation of Y ig evaluated at the parameter vector β g . The first term on the right hand side of equation (2) displays the difference in the outcome variable between the two groups due to differences in observable characteristics, whereas the second term shows the differential that is due to differences in coefficient estimates.
Given X ig , the linear model is a good approximation of the expected value of the outcome variable E(Y ig |X ig ) for values of X ig close to the mean. If the outcome variable Y ig is censored, however, the use of OLS may lead to biased estimates of the parameter vector and hence misleading results of the decomposition.
To illustrate the Blinder-Oaxaca decomposition for censored regression models, we consider a Tobit model, where the distribution of the dependent variable is censored from above at the point a 1 and from below at the point a 2 , i.e.
The unconditional expectation of Y ig given X ig consists of the conditional expectations of Y ig weighted with the respective probabilities of being censored (from above or below) or uncensored:
2 where
represents the standard normal density function and Φ(·) is the cumulative standard normal density function.
Equation (4) shows that a decomposition of the outcome variable similar to equation (2) 
and
where E βg,σg (Y ig |X ig ) now refers to the conditional expectation of Y ig evaluated at the parameter vector β g and the error variance σ g for g = f, m. In both equations the first term on the right hand side displays the part of the differential in the outcome variable between the two groups that is due to differences in the covariates X ig , and the second term the part of the differential in Y ig that is due to differences in coefficients.
The two versions of the decomposition equation may differ from each other, if large differences in the variance of the error term between the two groups exist. Note however, that the decomposition using σ f to calculate the counterfactual parts, as in equation (5), is more comparable to the OLS decomposition described in equation (2), since the counterfactual parts differ from E β f ,σ f (Y if |X if ) only by using the parameter vector for group m, β m , rather than by using the parameter vector and the error variance for group m in the alternative decomposition described in equation
Using the sample counterpart of equation (4),
equation (5) can be estimated bŷ
Similarly, equation (6) can be estimated bŷ
If the dependent variable is not censored, i.e. if a 1 → −∞ and a 2 → ∞, both equations reduce to the original Blinder-Oaxaca decomposition described in equation 
for g = m, f , where w ig refers to the gross hourly wage rate of individual i in group g. The explanatory variables X i include the years of completed schooling, potential labor market experienced (calculated as Age -Years of and potential labor market experience squared, the number of children, and dummy 4 variables for married individuals, part-time workers, immigrants, and persons residing in East-Germany. We restrict our sample to working individuals aged 16 to 65.
We eliminated all observations with missing values for at least one of the variables used in the analysis, which yields a sample of 3,610 observations for men and 2,465 observations for women.
Since the wage information in the GSOEP is not censored, we apply in a first step the original Blinder-Oaxaca decomposition described in equation (2) using the results of OLS-estimates of the regression model (9). In a second step, we censor the distribution of gross hourly wages at the lower and upper 10th percentile and estimate equation (9) by OLS using the transformed wage information as dependent variable to show the potential bias in the estimation results and wage decomposition when ignoring that the dependent variable is censored. In a final step, we use the transformed wage variable and estimate equation (9) using a Tobit model and apply the Tobit-Blinder-Oaxaca decompositions described in equations (7) and (8) Based on the uncensored wage information, the results of the decomposition analysis reported in column 1 of Table 2 (which does not differ between the OLS and the various Tobit-decomposition methods) shows that more than 67% of the wage differential between men and women is attributable to differences in observable 1 We censored the dependent variable artificially in our example because we want to compare censored and uncensored estimates. Artificial censoring, however, does also permit an alternative decomposition strategy, which is based on the unconditional expectation of the latent dependent
In such a case, it is sufficient to estimate the parameters of the Tobit model and to calculate the components of equation (2) 
Conclusion
In this paper, a decomposition method for Tobit-models is derived. This method allows the decomposition of the difference in a censored outcome variable between two groups into a part that is explained by differences in the observed characteristics and a part attributable to differences in the estimated coefficients of these characteristics. Using data of the GSOEP, we find that the major part of the wage differential between men and women is attributable to differences in observable characteristics. In our application, applying the Tobit decomposition method produces better results than the original Blinder-Oaxaca decomposition when wages are censored from below and from both sides of the wage distribution. However, in our example the differences between the various decomposition methods are not statistically significant.
6 Notes: 3,610 observations for men and 2,465 observations for women. Standard errors in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%. Additional variables used: number of children and dummyvariables for marital status, part-time employment, immigrants and East-Germany. Table 1 . Bootstrapped (1,000 replications) standard errors in parentheses. * significant at 10%; ** significant at 5%; *** significant at 1%.
